Ecological niche modelling (ENM) is a computer-based method to extrapolate the niche probability of a species through machine learning using (1) known location of a species' occurrence and (2) environmental factors such as temperature, precipitation and elevation. ENM is applicable to prehistoric archaeology based on the assumption that human behaviour and niche constructions were largely constrained by environmental factors. This paper applies ENM to a large-scale data of Upper Palaeolithic (UP) occupations in the Kanto-Koshinetsu region of eastern Japan in order to quantitatively assess and visualise ecological niche of UP populations to understand their behavioural strategies. Spatial niche probability was calculated with reconstructed palaeoclimatic data and landform indices for the Last Glacial Maximum (21 ka), taking into consideration four major lithic groups (trapezoids, kakusuijo-sekki, backed blades and microliths), which may reflect different strategies in resource procurement. Results indicated that niche probability was generally high in Musashino, Sagamino and Shimousa uplands in the southern Kanto region, although the observed site distribution was probably biased by intensive rescue excavations due to urban developments. The distance to the obsidian outcrops in the central highland remarkably contributed to the model. A closer look revealed two patches of high niche probability area in the Hakone mountains for the kakusuijo-sekki, backed blades and microliths. These patches were probably parts of a 'niche corridor' in association with the transportation of obsidian raw materials between the central highland and Hakone area via the Fujikawa valley.
I. Introduction
According to the nationwide database complied by the Japanese Palaeolithic Research Association (2010 ; hereafter called the JPRA database), more than 10,000 Upper Palaeolithic (UP) sites have been identified in the Japanese archipelago. Since Palaeolithic human remains are rarely preserved in this archipelago, stone tools (e.g., Tsutsumi, 2012 ; Yamaoka, 2012 Yamaoka, , 2014 for some recent works in English) and spatial traces such as lithic scatters (Izuho et al., 2009) and trap-pits (Sato, 2012) have been treated as the major sources for the study of UP human behaviours and societies. The spatio-temporal correlation between the development in lithic technologies and the environmental change was also discussed (Sato et al., 2011 ; Morisaki, 2012 ; Morisaki and Sato, 2014) . The spatial distribution of UP sites was visualised at a supraregional scale by using the JPRA database and a geographical information system (Kohroku, 2014 ). Yet, there still remains to understand human ecological behaviours in response to the environmental settings in a quantitative manner. It is also noted that high-resolution global palaeoclimate models have been developed and disclosed for public use in the last decade. For instance, WorldClim (Hijmans et al., 2005) provides 30-arc-second (equivalent to 0.008333 arc-degrees) climate models for the present day and the Last Interglacial (LIG ; 140 to 120 ka), based on the outcomes from the CAPE project (Otto-Bliesner et al., 2006a) . Those climate models comprise annual and monthly temperatures, precipitation and bioclimatic indices. Two palaeoclimate models for the Last Glacial Maximum (LGM ; around 21 ka), the CCSM (Community Climate System Model ; OttoBliesner et al., 2006b ) and MIROC (the Model for Interdisciplinary Research on Climate ; AbeOuchi et al., 2013) , are also available in the PMIP2, an international data protocol defined by the Paleoclimate Modelling Intercomparison Project Phase II (Braconnot et al., 2007) . These models have 64 data points in latitude and 128 points in longitude. These developments in archaeological and palaeoenvironmental data sources allowed us to apply ecological niche modelling (ENM), which is a computer-based method to simulate species' geographical range (or ecological niche) expansion or contraction based on either real or simulated environmental conditions (Peterson et al., 2002 ; Banks et al., 2008a) . The models extrapolate the niche probability of a species for each spatial pixel through machine learning using (1) known location of species' occurrence and (2) environmental factors such as temperature, precipitation and elevation (Stockwell, 1999 ; Peterson et al., 2011) . ENM is applicable to Palaeolithic archaeology based on the assumption that human behaviours were largely constrained by environmental factors. For case studies, spatial distributions of the Neanderthals and early modern humans in Europe were simulated by ENM (Banks et al., 2006 (Banks et al., , 2008a (Banks et al., , b, 2011 Kondo and Oguchi, 2012) . In our view, ENM has a high potential to reveal past human ecological behaviours that archaeologists have long overlooked or have been unable to validate in spite of their hopes to do so. Based on this thought, this paper applies ENM to a large-scale data of UP occupations in the Kanto-Koshinetsu (Kantō-Kōshin'etsu) region of East Japan (see Sections II-1 and II-2), in order to quantitatively assess and visualise ecological niche of UP populations to understand their behavioural strategies.
II. Dataset and methods

Study area
The study area of the Kanto-Koshinetsu region ( Fig. 1) was delimited by 34°N to 37°N in latitude and 138°E to 141°E in longitude. This area covered Tokyo Metropolis, Chiba, Saitama, Kanagawa, Yamanashi, Gunma, Tochigi and Ibaraki prefectures, and parts of Shizuoka, Nagano and Niigata prefectures. The southeast part of the study area was the Kanto plain, which covers parts of Tokyo, Chiba, Saitama, Kanagawa, Gumna, Tochigi and Ibaraki. The study area also included mountainous zones of the central highland, where obsidian outcrops are located (Section II-3-1)).
Archaeological data
The JPRA database included 16,771 UP occupations in the entire Japanese archipelago. Of these, 9,481 occupations belonged to the study area. This means that 56.5% of the UP occupations in Japan were concentrated in this region. Of these, 8,736 occupations with reliable geocoordinates (latitude and longitude) were selected for the experiment. The dataset consisted of 2,373 occupations from Chiba Prefecture, 2,068 from Tokyo Metropolis, 975 from Kanagawa Prefecture, 801 from Saitama, 575 from Shizuoka, 541 from Ibaraki, 536 from Gunma, 443 from Nagano, 317 from Tochigi, 67 from Yamanashi and 40 from Niigata (remind that the study area partially covered Shizuoka, Nagano and Niigata prefectures). The geographic distributions of UP occupations looked clustered in the Kanto plain (Fig. 2) . This clustered pattern was resulted from both anthropogenic and natural formation processes : The anthropogenic processes were caused by geoarchaeological site formation processes and modern urban developments. UP occupations were likely to be buried and disturbed by the subsequent occupations and human activities such as agriculture and construction. This could occur both in a long-term geoarchaeological process and short-term (or modern) activities. The latter may substantially bias the spatial distribution of archaeological sites. For instance, on the Musashino (M in Fig. 3 ), Omiya (O in Fig.  3 ), Shimousa (Si in Fig. 3 ) and Sagamino (Sa in Fig. 3 ) uplands of the southern Kanto region, archaeological sites have been documented in high density due to intensive rescue excavations associated with urban developments of the greater Tokyo metropolitan area over decades. The geological processes have also buried UP occupations in lowlands. The sea level in the LGM was approximately 130 m lower than today (Yokoyama et al., 2007 ; Hanebuth et al., 2009 ). Therefore, there should be more Palaeolithic sites buried under the seabed, although it is realistically unfeasible to rediscover them. Moreover, the postglacial transgression commencing at 20 to 18 ka (Umitsu, 1991) and rapid sedimentation of river sands have buried traces of Palaeolithic human activities in alluvial lowlands. These biases challenge the validity of ENM. It would be more scientifically confident to apply a logistic regression model to present-andabsent data. Nonetheless, this research employs ENM with an expectation that biased but largescale data could work as heuristic optimiser to extrapolate ecological niche distributions in the areas of lower density occupation (such as in Yamanashi Prefecture in the mountainous zone). The limitation of population data in the archaeological context must also be considered. In this research, technological groups of lithics were taken as an alternative indicator of human populations under the assumption that different lithic groups might reflect different hunting strategies. Four distinctive lithic groupstrapezoids (daikeiyo-sekki ; present in 309 occupations), kakusuijo-sekki (414 occupations), backed blades (naifugata-sekki ; 3,696 occupations) and microliths (saisekki ; 646 occupations)-were retrieved from the JPRA database. These stone tools were used for hunting mammals (Norton et al., 2010) , which was conducted in groups, occasionally using trap-pits (Sato, 2012) . Trapezoids are a type of flake tools and a chronological marker for the Early Upper Palaeolithic (EUP ; earlier than 30 ka) of this region (Kudo and Kumon, 2012 ; Morisaki, 2012 ; Yamaoka, 2012 ; Izuho and Kaifu, 2014) , while kakusuijo-sekki, denticulated points with triangular cross-section, can be used as a marker of the earlier phase of the Late Upper Palaeolithic (LUP ; 30 to 18/17 ka). Backed blades are the most common tools during the EUP and LUP (38 to 18/17 ka). Microliths, including micro-cores and micro-blades, are another common tool type during the terminal phase of the LUP (21 to 18 ka).
Palaeoenvironmental data
Global palaeoterrain and palaeoclimate data were employed for the experiment through the following preparation : 1) Palaeoterrain data Regarding the palaeoterrain data, the United States National Oceanic and Atmosphere Administration (NOAA) provides a 1-arc-minute (or 0.01667-arc-degrees) pixel ETOPO1 global relief model with bathymetric data (Amante and Eakins, 2009 ). Using this model, the study area was divided into 180 by 180 pixels. The terrain was clipped at 130 m below the current sea level to create a palaeoterrain model at the LGM (see Section II-2). Slope, aspect (or azimuth of slope) and insolation were calculated from the DEM. The landform classification was provided by a digital data book (Wakamatsu et al., 2005) . The landform categories were reclassified into six groups : water, lowland, plateau, hills, mountains and volcanoes (Fig. 3) . A pilot experiment revealed that categorical values were more influential than continuous inputs on the results of prediction. To equal the weights on landform and other factors, the landform categories were segregated into individual binary raster data. As economic factors, the cost distance to three known obsidian outcrops (Hoshikuso, Mt. Takahara and Kozu Island ; Fig. 3 ), used for lithic raw materials, was incorporated to the model. The cost distance was calculated by the GRASS r.walk module into which slope of terrain was input (Neteler and Mitasova, 2008 : p. 381 ). Kozu Island is a remote island located 180 km south of the mainland. Geochemical studies of lithic materials attested that UP people reached there by canoe in order to procure good-quality obsidian chunks (Ikeya, 2014) . It is technically difficult to prepare the friction costs of the Kuroshio Current against canoeing. Therefore, in this experiment, the steep slopes in the ocean trench between the mainland and Kozu Island were taken as a proxy of the friction, which must be revised with more appropriate variables developed in the future.
2) Palaeoclimate data
Palaeoclimatic factors are important for the model because the study area comprises a great diversity in elevation (-130 m to 3,776 m at Mt. Fuji) and biome. The MIROC 3.2.2 atmosphereocean general circulation model (Murakami et al., 2008) and the land infrastructure information (kokudo sochi joho ; KSJ) provided by Ministry of Land, Infrastructure, Transport and Tourism (2012) were used to downscale the model (Arnell and Reynard, 1996 ; Wilby et al., 2004) by the following process : First, the difference (or ratio in the case of precipitation) between the LGM and the present-day values was calculated for each data point of MIROC. For instance, the difference in surface air temperature was calculated by the following equation :
( 1) where ΔT is the difference, and T MIROC21ka and T MIROC0ka are values of surface air temperature at the LGM (21 ka) and the present-day (0 ka), simulated by the MIROC. The value of ΔT was taken at 12 data points in 31°N to 40°N in latitude and 135°E to 144°E in longitude. It was then interpolated by a spline algorithm to create a raster surface in 1-arc-minute pixel resolution. Similarly, null cells (or water surfaces) of the KSJ data were filled by spline interpolation and downsized to a 1-arc-minute pixel. Finally, the interpolated KSJ data (T hi_0ka ) were converted to high-resolution LGM data (T hi_21ka ) by adding ΔT (Fig. 4) . 
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This procedure was applied for the calculation of annual mean temperature, the warmest month (August) temperature, and the coldest month (February) temperature. Similarly, the annual precipitation for LGM (P hi_21ka ) was calculated as follows :
where ΔP is the ratio of annual precipitation at 21 ka (P MIROC21ka ) and the present-day (P MIROC0ka ).
3) Ecological niche model
Among ecological niche models, MaxEnt (Phillips et al., 2006) was selected for the experiment. This model is based on the maximum entropy principle (Jaynes, 1957 ; Phillips et al., 2006 ; Phillips and Dudík, 2008 ; Elith et al., 2011) , and requires species' location (x, y) and environmental variables as inputs. The environmental variables may be both continuous and categorical. Continuous variables are more common, including temperature, precipitation, altitude, and slope, while categorical variables are exemplified by geology, biome and plant functional types. MaxEnt outputs continuous probabilities of presence (0 ... 1) for each raster cell. It has been pointed out that MaxEnt and GARP, another frequently used ENM application based on the genetic algorithm for rule set production (Stockwell, 1999) , tend to yield strikingly different results from the same dataset and parameter settings (Peterson et al., 2007) . The developers of MaxEnt argued its advantage to GARP in the accuracy of its prediction (Phillips et al., 2006) , although others claimed that the geographical extents of the niche predicted by MaxEnt are narrower and more biased than those predicted by GARP (Peterson et al., 2007) . This tendency has also been observed in the experimental studies for hunter-gatherers in the Badegoulian lithic industry in Western Europe at the LGM (Banks et al., 2011) . A recent mathematical review revealed that species-specific tuning of model parameters should be required for improving the performance of MaxEnt because model performance varied among data-partitioning approaches and among regularization multipliers (Radosavljevic and Anderson, 2014) . It was also mathematically proved that MaxEnt was equivalent to a Poisson point process model, which could more easily and quickly be executed by generalized linear model (GLM) software (Renner and Warton, 2013) . Notwithstanding, this study employed MaxEnt, as the percentage of contributions of individual environmental factors can easily be measured and assessed with this software. The eco-cultural niche distribution of the aforementioned four stone tool groups were analysed by MaxEnt 3.3.3e, with 17 environmental variables input (elevation, slope, aspect, insolation, cost distances to Hoshikuso, Mt. Takahara and Kozu Island, annual precipitation, annual mean temperature, warmest and coldest month tempera- tures, and landform zones of water, lowland, plateau, hills, mountains and volcanoes). Model parameters were set similar to those in Banks et al. (2011) ; Maximum iteration was 500 and 10,000 background points were taken. Convergence limit was set to 10 -5 . The model was crossvalidated by the ten-fold method (ten replicate runs with 10% of samples randomly omitted).
III. Results
How to read results
Figs. 5 to 8 show the spatial distribution of niche probability of the four lithic groups. In each map, the niche probability is classified to ten grades : Areas of moderate probability are indicated by yellow (0.61 to 0.7) and pale orange (0.71 to 0.8), and those of high probability are in orange (0.81 to 0.9) and red (0.91 to 1). Dark dots indicate the location of sites used as occurrence data in MaxEnt. It should be noted that niche probability does not reflect population density. Tables 1 to 4 show the percentage of contribution (PC) and permutation importance (PI) of environmental variables. PC determines the weight of a given variable in the model to output the niche probability. On the other hand, the PI represents the statistical robustness of a given variable. Environmental variables with higher PI value are more likely to fluctuate their PC values in different trials. AUC (Areas under the Curve) represents an overall measure of model performance and strength of a prediction (Peterson et al., 2011 : p. 269) . It is a nonparametric measure that ranges 0 to 1. AUC values＝0.5 stand for the expected performance by a random classifier, and AUC values ＞0.5 are generally classified into poor predictions (0.5 to 0.7) ; reasonable predictions (0.7 to 0.9) ; and very good predictions (＞0.9 ; Swets, 1988 ; Peterson et al., 2011 : p. 172 ; Hosmer et al., 2013) . All four models of the experiment performed very well with AUC values higher than 0.9.
What we can read from the results
From a macroscopic viewpoint, all predictions yielded a roughly similar geographic pattern : The highest niche probability areas, or hot spots, were observed in the Musashino (M in Fig. 3 ), Sagamino (Sa in Fig. 3 ) and Shimousa (Si in Fig. 3 ) uplands of the southern Kanto region. This pattern may partially result from an inherent bias in the spatial distribution of occurrence data (or UP occupations ; see Section II-2). It is known that MaxEnt's prediction tends to be influenced by biased occurrence data (Peterson et al., 2007) . The PC value of the binary variable of plateau (upland) landform was weighed high in all four models. In contrast, niche probability observed in the Tama hills (T in Fig. 3 ) was generally lower than that of the aforementioned uplands, regardless of a substantial number of UP occupations documented in association with intensive housing land developments in the Tama hills. The PC values for hills were trivial. These results mean that the modelled lithic groups preferred uplands to hills in their niche selection. In the PC ranking, the water zone contributed most substantially to the trapezoid (Table 1) , kakusuijo-sekki (Table 2) , and microlith (Table 4) groups. However, its contribution is trivial and merely reflects the fact that no sites have been discovered in the present water zones. Among other variables, it is noted that the cost distance to the Hoshikuso obsidian outcrops was the second most influential variable for the four lithic groups. In terms of spatial distribution of ecological niche, two patches of high probability areas were observed in the southwest piedmont of the Hakone mountains (H in Fig. 3 ) in the models for kakusuijo-sekki (Fig. 6 ), backed blades (Fig. 7) , and microliths (Fig. 8) . For these three lithic groups, the models also predicted a 'corridor' of relatively high niche probability from the highland to the Hakone area via the Kofu basin (K in Fig. 3 ) and the Fujikawa valley that goes through Yamanashi prefecture from north to south (F in Fig. 3) . Other than the aforementioned observations, there are some specific characteristics in the niche distribution of individual lithic groups : The spatial pattern of niche probability of the trapezoid groups in the EUP were characterised by several patches of high probability in the Shimousa upland (Fig. 5) in comparison with the pattern of the subsequent kakusuijo-sekki group (Fig. 6) . Slope, a numerical index of landform, Oct. 2015 Ecological niche modelling of Palaeolithic stone tool groups was the fourth most influential variable for the trapezoid group (Table 1 ; 10.6%). For the kakusuijo-sekki group, two high probability patches in the southwest piedmont of the Hakone mountains were observed, and larger areas of high probability were observed in the Musashino and Sagamino uplands (Fig. 6 ), in comparison with the precursive trapezoid group (Fig. 5) . In contrast, high probability area in the Shimousa upland looked less significant (Fig. 6 ). Plateau (PC : 11.0%) and elevation (9.1%) were also influential variables for the kakusuijo-sekki group (Table 2) . The spatial distribution of niche probability for the backed blade groups was characterised by high probability patches in the Omiya and Shimousa uplands, and moderate probability patches in the Kofu basin and Fujikawa valley (Fig. 7) . It is noted that elevation (PC : 20.5%) was the most influential variable (Table 3 ). The warmest month temperature (PC : 11.7%), plateau (11.0%) and slope (8.7%) were also influential.
The niche probability pattern of the microlith group ( Fig. 8 and Table 4 ) looked similar to that of the kakusuijo-sekki ( Fig. 6 and Table 2 ). Plateau (PC : 12.7%), elevation (10.3%) and annual mean temperature (8.0%) were moderately significant variables for the microlith group.
IV. Discussion
Although the model predictions were influenced by the biased distribution of known sites clustered in the uplands of the southern Kanto region, they indicate some important archaeological patterns that long remained to be reconfirmed by a quantitative method. For all four groups, the highest niche proba- bility patches were observed on the Musashino, Sagamino and Shimousa uplands. The ENM of UP occupations in the study area reconfirmed the geographical advantage of these uplands in terms of the access to obsidian outcrops in the surrounding area. In particular, the high PC values of the cost distance to the Hoshikuso outcrops in the central highland for all for lithic groups attested the logistic importance of this resource for the UP populations through time. Possible transportation routes between the highland outcrops and the Kanto plain are indicated by moderate niche probability areas, which look like corridors in the mountainous areas.
Regarding 'niche corridors', the relatively high niche probability areas in the southwest piedmont of the Hakone mountains and Fujikawa valley can also be interpreted as a transportation route between the central highland and the Hakone area. The presence of this 'Fujikawa corridor' during the LUP was supported by the fact that a certain percentage of the obsidian raw materials used for micro-blades recovered in the Hakone area derived from the central highland, while the majority was imported from Kozu Island (Tsutsumi, 2011) . It is also known that the settlement pattern of the southwest piedmont of the Hakone mountains transformed into a diverse mode during the LUP (Nakamura, 2011) . In contrast, the two high niche probability patches in the Hakone area, as well as the entire 'Fujikawa corridors', were less visible in the model of the trapezoid group during the EUP (Fig. 5 ). This may mean that the transportation route between the central highland and the Hakone area still remained to be explored at this phase. Different resource procurement strategies were applied in the EUP and LUP lithic groups. Palaeoclimatic factors also affect the results of niche prediction to some extent. The warmest month temperature was relatively important for backed blade users (Table 3) . This is different from the situation in Europe where the annual precipitation and the coldest month temperature were most influential at the LGM . The relatively small spatial scale of the study area might also affect low PC values of paleoclimatic factors which were originally simulated in a global scale.
V. Conclusion
Ecological models have increasingly applied to archaeological research to understand past human behaviour in response to changing environment and ecosystems (e.g., Binford, 2001 ; Bird and O'Cornell, 2006 ; Banks et al., 2006 Banks et al., , 2008a . This paper added a practical application of ecological niche models to high-density archaeological data in Japan in a regional scale. The results indicated the geographical importance of the Kanto plain as a focal point in the transportation of lithic raw materials during the UP. It was also revealed that the Fujikawa valley was a possible transportation route associated with obsidian resources between the central highland and Hakone area, particularly in the LUP. This paper also demonstrated the assessment of environmental factors that constrained niche construction of UP populations. However, we must pay attention to the particularity in niche construction strategies of modern humans, who could expand their niche through rapid technological innovations. Temporal uncertainty of archaeological data should also be taken into account. ENM is a fully computer-based method and is different from the conventional way of archaeological thinking, in which archaeologists interpret archaeological evidence through subjective and deductive inferences. Thus, on some occasions, spatial prediction patterns deviate from a researcher's expectations. Such results should not be rejected but carefully examined and interpreted because of the possibility to reflect a difference between natural factors and cultural behaviours. At this point, ENM can be used as a tool for discovering new scientific knowledge that has long been overlooked. We shall continue improving models and datasets in order to better understand human-environment interactions in the past.
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